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Abstract- In this paper, we explore the use of quadratic
classifiers based on Mahalanobis distance to detect EEG
patterns from a reduced set of recording electrodes. Such
classifiers used the diagonal and full covariance matrix of EEG
spectral features extracted from EEG data. Such data were
recorded from a group of 8 healthy subjects with 4 electrodes,
placed in C3, P3, C4, P4 position of the international 10-20
system. Mahalanobis distance classifiers based on the use of full
covariance matrix are able to detect EEG activity related to
imagination of movement with affordable accuracy (average
score 98%). Reported average recognition data were obtained
by using the cross-validation of the EEG recordings for each
subject. Such results open the avenue for the use of
Mahalanobis-based classifiers in a brain computer interface
context, in which the use of areduced set of recording electrodes
isan important issue.

|. INTRODUCTION

Usualy, the EEG was recorded by using an array of
electrodes, regularly disposed on the scalp surface, according
to the international 10-20 standard and its successive
extension [1-2]. Nowadays, neuroscientists set the
requirements for an high number of electrodes (64-128) for
the appropriate processing of scalp high spatial frequency
components of evoked and event-related potentias [3-7].
However, there is a research field involving the EEG in
which the use of an increased number of electrodes is not a
critical issue. In fact, in the context of Brain Computer
Interface (BCl), the use of many EEG electrodes represents a
drawback for the final user, due to the time-consuming
procedures needed to appropriately set such electrodes and to
decrease the contact impedance between them and the scalp.
In this particular framework, the research focuses on the use
and selection of an appropriate and reduced set of EEG
electrodes [8-11]. To now, several interesting results for EEG
classification procedure have been produced by using
particular electrodes array, preferably disposed along the
centro-parietal scalp areas, that roughly overlying the
sensory-motor cortices [8-11]. Another key factor in the BCI
researches is to develop methods for reliable EEG
classification that do not involve lengthy training procedures,
in order to reduce the time spent by the user in the
unsuccessful interactionswith the final device. In thisrespect,
many algorithms involving non linear and linear classifiers
have been suggested in literature [11-15]. With these
problematic in mind, we explored the possibilities offered by
simple quadratic classifiers, based on the concept of
Mahalanobis distance, for the recognition of EEG patterns
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sampled with a low number of scalp electrodes (2 or 4). The
rationale at the base of the classifier’s choice was to avoid the
relatively training procedure needed when neural-network
based classifiers have to be employed. We anayzed the
performance of such quadratic classifiers on EEG data
gathered from a group of 8 healthy subjects performing two
motor-related mental tasks, namely imagined right and left
hand movements. Furthermore, we compared the
performance of Mahalanobis-based classifiers against alinear
classifier recognized known to be useful in the detection of
EEG patterns when at least 9 electrodes are used [16].

Il. METHODOLOGY

A. Data Collection

Eight healthy subjects participated voluntarily in experiments
where they performed different tasks, including the
imagination of the movement of the right middle finger (RI)
aswell astheleft middle finger (LI).

Four EEG electrodes are placed over the centro-parietal
scalp areas of both hemispheres, namely in the position C3,
P3, C4 and P4 of the 10-20 international system.

EEG data sampling frequency was 400 Hz, and signal was
bandpass filtered between 0.1 and 100 Hz before digitization.
At the beginning of arecording session, subjects remained in
a resting state—relax with eyes opened—for 60 s. The EEG
activity of this period is used as a baseline for subsequent
anadlysis of the mental tasks. Then, subjects started
performing the task immediately after the operator instructed
them to do so, and they maintained that task for more than
10 s. Every subject executed eight times each task during the
recording session, with aresting period of 10 s between each.
After removal of time segments contaminated with EMG in
the arms it remains about 80 seconds of EEG signals for each
task for every subject.

B. DataPre-Processing

Time varying spectrograms of EEG data by estimating the
Power Spectral Density (PSD) of 2-second long epochs, each
starting 1 s after the previous one were computed. The Welch
periodogram algorithm to estimate the PSD was applied.
Epochs are divided into segments of 1 s, with a Hann window
of the same length applied to each segment, and 50 %
overlapping between the segments. This gives a frequency
resolution of 1 Hz. Finaly, the power components are
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referred to the corresponding values of the estimated PSD of
the baseline and transformed in dB—i.e, we take the
logarithm of the division. The spectral values were
considered in a frequency band from 8 to 30 Hz, since those
band was recognized to be useful for the recognition of
mental pattern in previous papers[15,16]. Three separate sets
of feature vectors are prepared, one referring to al the
electrodes used (C3, P3, C4, P4) another relative to the data
of only two electrodes (C3 and C4), and the last one referred
to the data from the electrodes montage C3-P3 and C4-P4.
The rationale was to investigate the eventual degrade of the
performance of the classifiers when data from only two
electrodes were used.

C. Mahalanobis distance-based classifiers

Let us indicate the n-dimensional measured spectral
vector x from the EEG data in the frequency band of 8-30 Hz
during the mental tasks analyzed. The mean vector mg (m,)
is the average of the x vectors computed during the right
(left) movement imagination during a particular time period
(training). Now, we define a quantity d called Mahalanobis
distance that is computed as follows

d:(X'm|)TC|-1(X'm|) )

where C, is the covariance matrix for the particular imagined
movement considered, left or right (C. and Cg, respectively)
and T stands for the transposition operator. The Mahalanobis
distance is used in a minimum-distance classifier as follows:
Let mg, m_ be the means for the right and left imagined
movement classes, and let Cr, C_ be the corresponding
covariance matrices. We classify a feature vector x by
measuring the Mahalanobis distance d from x to each of the
means, and assigning x to the class for which the
Mahalanobis distance is minimum.

Two particular distance based classifiers have been used in
this paper. The first was the diagonal Mahalanobis classifier
(MD), that relies on the use of adiagonal covariance matrix C
for both left and right imagined movements. The second was
the full Mahalanobis classifier (M), that relies on the
estimation of the full covariance matrix.

D. Sgnal Space Projection

The Signal Space Projection method is here used as a
linear classifier shown to be useful for the recognition of
mental EEG patterns [16].

E. Crossvalidation.

For recognition purposes, we applied to the al classifiers
the k-fold cross-validation, with k = 10. Hence, we divided
the EEG data set for each subject (80 seconds of imagined
right and left movement) into k subsets of equal size. The
SSP, MD and M classifiers were recomputed k times, each
time leaving out one of the EEG data subsets from the
training, and using the omitted subset to compute the
recognition rate. Then, the results presented here are an
average of the recognition rate obtained for each one of the k

subset of EEG data not used by the classifiers for the
estimation of the class means (training).

F. Satistical analysis

A two-way Anaysis of Variance (ANOVA) was
performed on the average values of the recognition scores
obtained by the cross-validation technique. The first main
factor was METHODS with three levels (SSP MD, M) for the
classifiers used in the present work, while the second main
factor was ELECTRODES, with three levels (2 electrodes C3
and C4; 2 channels C3-P3 and C4-P4; and 4 electrodes, C3,
P3, C4, P4). Greenhouse-Gasser correction has been used
[17] for the ANOVA computation. The Scheffe's test was
used as post-hoc test, at the 5% level of significance.

I1l. RESULTS

Table 1 reports the average true positive rates between the
experimental subjects with the use of the SSP, MD and M
classifiers.

Plot of Means
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Figure 1. Average percentage recognition scores obtained for the population
analyzed with the linear and quadratic classifiers described above. Methods
employed are Signal Space Projection (SSP), diagonal Mahalanobis classifier
(MD) and Mahalanobis-based classifierswith the use of full covariance
matrix (M). Data are irrespective of the use of 2 or 4 recording EEG channels

The ANOVA demonstrated that the use of different
classifiers improves significantly the values of recognition
scores (METHODS main factor, F = 241.55, p<0.000001). Of
note, the number of recording electrodes (2 or 4) was
significant to increase the percentage recognition score of
EEG imagined patterns with the different classification
methods. (ELECTRODES main factor, F = 6.23, p = 0.0116).
Furthermore, no interaction METHODS x ELECTRODES
was found (F = .94, p = 0.45). The post-hoc statistical
analysis performed with the Scheffe' s test demonstrated that
the recognition scores obtained with the Mahalanobis
classifier using the full covariance matrix are higher (98%
average recognition scores on al the population analyzed)
than those obtained with the other classifiers here employed
(SSP and Mahalanobis with diagonal covariance matrix).
This result held at the statistical significance of p < 0.00001
for any combination of comparisons with different EEG
recording electrodes configuration (C3 and C4, C3-P3 and
C4-P4, or C3,C4,P3,P4). The recognition scores obtained by
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the Mahalanobis classifier with the use of the full covariance
matrix (2 or 4) are datidticaly equivaent for any
combination of the EEG recording electrodes (Scheffe' s test,
p = 0.12).

1V. DISCUSSION

A. Pro and cons about the Mahalanobis distance-based classifiers

As known from the literature, the use of the Mahalanobis
metric removes several of the limitation of linear classifiers
based on Euclidean metric, since it automatically account for
the scaling of the coordinate axes, as well as for the
correlation between the different features considered.
However, there is a price for these advantages. The
covariance matrices can be hard to determine accurately, and
the memory and time requirements grow quadratically rather
than linearly with the number of features. These problems
may be insignificant when only afew features are needed, but
they can become quite serious when the number of features
becomes large. In the present case, the use of EEG features
from alow number of electrodes (2 or 4) makes possible the
use of Mahalanobis-based classifiers.

B. Implication for the Brain Computer Interface

Results obtained in the present study suggest that the
Mahalanobis classifier based on the use of the full covariance
matrix of features is able to classify EEG patterns during
imagination of left and right hand movements. Such
recognition were performed by using data from few EEG
electrodes a an high level of accuracy. Of note, the
classification performance by using data from the C3 and C4
electrodes of such method are statistically equivalent to those
obtained by using four recording electrodes (C3,C4, P3, P4).
Instead, SSP and the other Mahalanobis classifier that used a
diagonal covariance matrix (MD) presented recognition
scores dlightly above the chance level (in this case set to
50%). The decrement of performance of SSP is related to the
decrease of recording electrodes, since higher recognition
scores (on the order of 82%) were obtained by SSP using
data from 9 electrodes of the 10-20 International System in
another group of five healthy subjects[16].

Compared to neural networks [13,14], linear or quadratic
classifiers are easier to train since they do not require non-
linear minimization. With respect the recognition scores
obtained here, other Authors have been able to perform
successful recognition scores of patterns associated with the
preparation of performed movements with linear
classification technique based on the Common Spatia
Patterns as high as 90% (CSP) [15] as well as non linear
classifiers as high as 84% [11-13] in the Brain Computer
Interface area. However, the use of CSP methods required the
use of a larger set of EEG recording electrodes than those
reported here.

In summary, results of the present work suggest that by
using quadratic classifiers based on Mahalanobis distance,
with the use of the full covariance matrix of the featuresit is
possible to classify EEG mental patterns related to the
imagination of hand movements by using just 2 scalp
electrodes. Such electrodes were placed a8 C3 and C4

position of the international 10-20 system [1]. These results
can open the avenue for an application of this classifier to the
Brain Computer Interface area, in which the number of the
electrodes to be used by the final user isacritical issue.

REFERENCES

[1] American Electroencephalographic Society. Guideline
thirteen: Guidelines for standard electrode position
nomenclature. J Clin Neurophysiol 1994 pp. 111-113

[2] Oostenveld, R., Praamstra, P. The five percent electrode
system for high-resolution EEG and ERP measurements. Clin
Neurophysiol. 2001 Apr ;112(4):713-9.

[3] Gevins A. Dynamic functional topography of cognitive
task. Brain Topogr 1989; 2:37-56.

[4] Gevins A, Brickett P, Reutter B, Desmond J. Seeing
through the skull: advanced EEGs use MRIs to accurately
measure cortical activity from the scalp. Brain Topogr. 1991;
4:125-131.

[5] Babiloni C., Babiloni F., Carducci F., Cincotti F., Del
Percio C., De Pino G., Maestrini S., Priori A., Tisali P,
Zanetti O. and Rossini P.M., Movement-Related
Electroencephalographic Reactivity in Alzheimer Disease,
Neurolmage, 2000 Aug;12(2):139-146

[6] Gevins, A., Le, J,, Martin, N., Brickett, P., Desmond, J.
and Reutter, B. High resolution EEG: 124-channel recording,
spatial  deblurring and MRI  integration  methods.
Electroenceph. clin. Neurophysiol., 1994, 39: 337-358.

[7] Nunez, P. Estimation of large scale neocortical source
activity with EEG surface Laplacians. Brain Topogr., 1989,
2: 141-154.

[8] Guger C, Ramoser H, Pfurtscheller G. Real-time EEG
analysis with subject-specific spatial patterns for a brain-
computer interface (BCI). IEEE Trans Rehabil Eng. 2000
Dec;8(4):447-56.

[9] Ramoser H, Muller-Gerking J, Pfurtscheller G. Optimal
spatial filtering of single trial EEG during imagined hand
movement. |EEE Trans Rehabil Eng. 2000 Dec;8(4):441-6
[10] Muller T, Ball T, Kristeva-Feige R, Mergner T, Timmer
J. Selecting relevant electrode positions for classification
tasks based on the el ectroencephal ogram.
Med Biol Eng Comput. 2000 Jan;38(1):62-7

[11] Costa EJ, Cabral EF J. EEG-based discrimination
between imagination of left and right hand movements using
Adaptive Gaussian Representation. Med Eng Phys. 2000 Jun;
22 (5) : 345-8

[12] Pfurtscheller G, Flotzinger D, Mohl W, Peltoranta M.
Prediction of the side of hand movements from single-trial
multi-channel EEG data using neural networks.
Electroenceph. clin. Neurophysiol. 1992; 82:313.

[13] Pfurtscheller G, Kalcher J, Neuper C, Flotzinger D,
Pregenzer M. On-line EEG classification during externally-
paced hand movements using a neural network-based
classifier. Electroencephalogr Clin Neurophysiol 1996;
99:416-25.

[14] Flotzinger D, Pfurtscheller G, Neuper C, Berger J, Mohl,
W. Classification of non-averaged EEG data by learning
vector quantisation and the influence of signal preprocessing.
Med. & Biol. Eng. & Comput. 1994; 32:571.



Proceedings — 23rd Annual Conference— IEEE/EMBS Oct.25-28, 2001, Istanbul, TURKEY

[15] Muller-Gerking J, Pfurtscheller G, Flyvbjerg H,
Designing optimal spatial filters for single-trial EEG
classification in a movement task. Clin Neurophysiol. 1999;
110(5):787-98

[16] Babiloni F, Cincotti F, Lazzarini L, Millan J, Mourifio J,
Varsta M, Heikkonen J, Bianchi L, Marciani MG. Linear
classification of low-resolution EEG patterns produced by
imagined hand movements, |IEEE Trans. on Rehab. Engng.
2000; 8:186-188

[17] Zar, H. Biostatistical analysis. Prentice Hall, New Y ork,
1984



	Main Menu
	-------------------------
	Welcome Letter
	Chairman Address
	Keynote Lecture
	Plenary Talks
	Mini Symposia
	Workshops
	Theme Index
	1.Cardiovascular Systems and Engineering 
	1.1.Cardiac Electrophysiology and Mechanics 
	1.1.1 Cardiac Cellular Electrophysiology
	1.1.2 Cardiac Electrophysiology 
	1.1.3 Electrical Interactions Between Purkinje and Ventricular Cells 
	1.1.4 Arrhythmogenesis and Spiral Waves 

	1.2. Cardiac and Vascular Biomechanics 
	1.2.1 Blood Flow and Material Interactions 
	1.2.2.Cardiac Mechanics 
	1.2.3 Vascular Flow 
	1.2.4 Cardiac Mechanics/Cardiovascular Systems 
	1.2.5 Hemodynamics and Vascular Mechanics 
	1.2.6 Hemodynamic Modeling and Measurement Techniques 
	1.2.7 Modeling of Cerebrovascular Dynamics 
	1.2.8 Cerebrovascular Dynamics 

	1.3 Cardiac Activation 
	1.3.1 Optical Potential Mapping in the Heart 
	1.3.2 Mapping and Arrhythmias  
	1.3.3 Propagation of Electrical Activity in Cardiac Tissue 
	1.3.4 Forward-Inverse Problems in ECG and MCG 
	1.3.5 Electrocardiology 
	1.3.6 Electrophysiology and Ablation 

	1.4 Pulmonary System Analysis and Critical Care Medicine 
	1.4.1 Cardiopulmonary Modeling 
	1.4.2 Pulmonary and Cardiovascular Clinical Systems 
	1.4.3 Mechanical Circulatory Support 
	1.4.4 Cardiopulmonary Bypass/Extracorporeal Circulation 

	1.5 Modeling and Control of Cardiovascular and Pulmonary Systems 
	1.5.1 Heart Rate Variability I: Modeling and Clinical Aspects 
	1.5.2 Heart Rate Variability II: Nonlinear processing 
	1.5.3 Neural Control of the Cardiovascular System II 
	1.5.4 Heart Rate Variability 
	1.5.5 Neural Control of the Cardiovascular System I 


	2. Neural Systems and Engineering 
	2.1 Neural Imaging and Sensing  
	2.1.1 Brain Imaging 
	2.1.2 EEG/MEG processing

	2.2 Neural Computation: Artificial and Biological 
	2.2.1 Neural Computational Modeling Closely Based on Anatomy and Physiology 
	2.2.2 Neural Computation 

	2.3 Neural Interfacing 
	2.3.1 Neural Recording 
	2.3.2 Cultured neurons: activity patterns, adhesion & survival 
	2.3.3 Neuro-technology 

	2.4 Neural Systems: Analysis and Control 
	2.4.1 Neural Mechanisms of Visual Selection 
	2.4.2 Models of Dynamic Neural Systems 
	2.4.3 Sensory Motor Mapping 
	2.4.4 Sensory Motor Control Systems 

	2.5 Neuro-electromagnetism 
	2.5.1 Magnetic Stimulation 
	2.5.2 Neural Signals Source Localization 

	2.6 Clinical Neural Engineering 
	2.6.1 Detection and mechanisms of epileptic activity 
	2.6.2 Diagnostic Tools 

	2.7 Neuro-electrophysiology 
	2.7.1 Neural Source Mapping 
	2.7.2 Neuro-Electrophysiology 
	2.7.3 Brain Mapping 


	3. Neuromuscular Systems and Rehabilitation Engineering 
	3.1 EMG 
	3.1.1 EMG modeling 
	3.1.2 Estimation of Muscle Fiber Conduction velocity 
	3.1.3 Clinical Applications of EMG 
	3.1.4 Analysis and Interpretation of EMG 

	3. 2 Posture and Gait 
	3.2.1 Posture and Gait

	3.3.Central Control of Movement 
	3.3.1 Central Control of movement 

	3.4 Peripheral Neuromuscular Mechanisms 
	3.4.1 Peripheral Neuromuscular Mechanisms II
	3.4.2 Peripheral Neuromuscular Mechanisms I 

	3.5 Functional Electrical Stimulation 
	3.5.1 Functional Electrical Stimulation 

	3.6 Assistive Devices, Implants, and Prosthetics 
	3.6.1 Assistive Devices, Implants and Prosthetics  

	3.7 Sensory Rehabilitation 
	3.7.1 Sensory Systems and Rehabilitation:Hearing & Speech 
	3.7.2 Sensory Systems and Rehabilitation  

	3.8 Orthopedic Biomechanics 
	3.8.1 Orthopedic Biomechanics 


	4. Biomedical Signal and System Analysis 
	4.1 Nonlinear Dynamical Analysis of Biosignals: Fractal and Chaos 
	4.1.1 Nonlinear Dynamical Analysis of Biosignals I 
	4.1.2 Nonlinear Dynamical Analysis of Biosignals II 

	4.2 Intelligent Analysis of Biosignals 
	4.2.1 Neural Networks and Adaptive Systems in Biosignal Analysis 
	4.2.2 Fuzzy and Knowledge-Based Systems in Biosignal Analysis 
	4.2.3 Intelligent Systems in Speech Analysis 
	4.2.4 Knowledge-Based and Neural Network Approaches to Biosignal Analysis 
	4.2.5 Neural Network Approaches to Biosignal Analysis 
	4.2.6 Hybrid Systems in Biosignal Analysis 
	4.2.7 Intelligent Systems in ECG Analysis 
	4.2.8 Intelligent Systems in EEG Analysis 

	4.3 Analysis of Nonstationary Biosignals 
	4.3.1 Analysis of Nonstationary Biosignals:EEG Applications II 
	4.3.2 Analysis of Nonstationary Biosignals:EEG Applications I
	4.3.3 Analysis of Nonstationary Biosignals:ECG-EMG Applications I 
	4.3.4 Analysis of Nonstationary Biosignals:Acoustics Applications I 
	4.3.5 Analysis of Nonstationary Biosignals:ECG-EMG Applications II 
	4.3.6 Analysis of Nonstationary Biosignals:Acoustics Applications II 

	4.4 Statistical Analysis of Biosignals 
	4.4.1 Statistical Parameter Estimation and Information Measures of Biosignals 
	4.4.2 Detection and Classification Algorithms of Biosignals I 
	4.4.3 Special Session: Component Analysis in Biosignals 
	4.4.4 Detection and Classification Algorithms of Biosignals II 

	4.5 Mathematical Modeling of Biosignals and Biosystems 
	4.5.1 Physiological Models 
	4.5.2 Evoked Potential Signal Analysis 
	4.5.3 Auditory System Modelling 
	4.5.4 Cardiovascular Signal Analysis 

	4.6 Other Methods for Biosignal Analysis 
	4.6.1 Other Methods for Biosignal Analysis 


	5. Medical and Cellular Imaging and Systems 
	5.1 Nuclear Medicine and Imaging 
	5.1.1 Image Reconstruction and Processing 
	5.1.2 Magnetic Resonance Imaging 
	5.1.3 Imaging Systems and Applications 

	5.2 Image Compression, Fusion, and Registration 
	5.2.1 Imaging Compression 
	5.2.2 Image Filtering and Enhancement 
	5.2.3 Imaging Registration 

	5.3 Image Guided Surgery 
	5.3.1 Image-Guided Surgery 

	5.4 Image Segmentation/Quantitative Analysis 
	5.4.1 Image Analysis and Processing I 
	5.4.2 Image Segmentation 
	5.4.3 Image Analysis and Processing II 

	5.5 Infrared Imaging 
	5.5.1 Clinical Applications of IR Imaging I 
	5.5.2 Clinical Applications of IR Imaging II 
	5.5.3 IR Imaging Techniques 


	6. Molecular, Cellular and Tissue Engineering 
	6.1 Molecular and Genomic Engineering 
	6.1.1 Genomic Engineering: 1 
	6.1.2 Genomic Engineering II 

	6.2 Cell Engineering and Mechanics 
	6.2.1 Cell Engineering

	6.3 Tissue Engineering 
	6.3.1 Tissue Engineering 

	6.4. Biomaterials 
	6.4.1 Biomaterials 


	7. Biomedical Sensors and Instrumentation 
	7.1 Biomedical Sensors 
	7.1.1 Optical Biomedical Sensors 
	7.1.2 Algorithms for Biomedical Sensors 
	7.1.3 Electro-physiological Sensors 
	7.1.4 General Biomedical Sensors 
	7.1.5 Advances in Biomedical Sensors 

	7.2 Biomedical Actuators 
	7.2.1 Biomedical Actuators 

	7.3 Biomedical Instrumentation 
	7.3.1 Biomedical Instrumentation 
	7.3.2 Non-Invasive Medical Instrumentation I 
	7.3.3 Non-Invasive Medical Instrumentation II 

	7.4 Data Acquisition and Measurement 
	7.4.1 Physiological Data Acquisition 
	7.4.2 Physiological Data Acquisition Using Imaging Technology 
	7.4.3 ECG & Cardiovascular Data Acquisition 
	7.4.4 Bioimpedance 

	7.5 Nano Technology 
	7.5.1 Nanotechnology 

	7.6 Robotics and Mechatronics 
	7.6.1 Robotics and Mechatronics 


	8. Biomedical Information Engineering 
	8.1 Telemedicine and Telehealth System 
	8.1.1 Telemedicine Systems and Telecardiology 
	8.1.2 Mobile Health Systems 
	8.1.3 Medical Data Compression and Authentication 
	8.1.4 Telehealth and Homecare 
	8.1.5 Telehealth and WAP-based Systems 
	8.1.6 Telemedicine and Telehealth 

	8.2 Information Systems 
	8.2.1 Information Systems I
	8.2.2 Information Systems II 

	8.3 Virtual and Augmented Reality 
	8.3.1 Virtual and Augmented Reality I 
	8.3.2 Virtual and Augmented Reality II 

	8.4 Knowledge Based Systems 
	8.4.1 Knowledge Based Systems I 
	8.4.2 Knowledge Based Systems II 


	9. Health Care Technology and Biomedical Education 
	9.1 Emerging Technologies for Health Care Delivery 
	9.1.1 Emerging Technologies for Health Care Delivery 

	9.2 Clinical Engineering 
	9.2.1 Technology in Clinical Engineering 

	9.3 Critical Care and Intelligent Monitoring Systems 
	9.3.1 Critical Care and Intelligent Monitoring Systems 

	9.4 Ethics, Standardization and Safety 
	9.4.1 Ethics, Standardization and Safety 

	9.5 Internet Learning and Distance Learning 
	9.5.1 Technology in Biomedical Engineering Education and Training 
	9.5.2 Computer Tools Developed by Integrating Research and Education 


	10. Symposia and Plenaries 
	10.1 Opening Ceremonies 
	10.1.1 Keynote Lecture 

	10.2 Plenary Lectures 
	10.2.1 Molecular Imaging with Optical, Magnetic Resonance, and 
	10.2.2 Microbioengineering: Microbe Capture and Detection 
	10.2.3 Advanced distributed learning, Broadband Internet, and Medical Education 
	10.2.4 Cardiac and Arterial Contribution to Blood Pressure 
	10.2.5 Hepatic Tissue Engineering 
	10.2.6 High Throughput Challenges in Molecular Cell Biology: The CELL MAP

	10.3 Minisymposia 
	10.3.1 Modeling as a Tool in Neuromuscular and Rehabilitation 
	10.3.2 Nanotechnology in Biomedicine 
	10.3.3 Functional Imaging 
	10.3.4 Neural Network Dynamics 
	10.3.5 Bioinformatics 
	10.3.6 Promises and Pitfalls of Biosignal Analysis: Seizure Prediction and Management 



	Author Index
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	Ö
	P
	Q
	R
	S
	T
	U
	Ü
	V
	W
	X
	Y
	Z

	Keyword Index
	-
	¦ 
	1
	2
	3
	4
	9
	A
	B
	C
	D
	E
	F
	G
	H
	I
	i
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Committees
	Sponsors
	CD-Rom Help
	-------------------------
	Return
	Previous Page
	Next Page
	Previous View
	Next View
	Print
	-------------------------
	Query
	Query Results
	-------------------------
	Exit CD-Rom


